
Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3182-3213 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5612 

 

 

3182 

Machine Learning Approaches with Random Forest and XGBoost for 

Sustainable Tourism Forecasting in Bali Destinations 

Nadia Nabila1, Yohani Setiya Rafika Nur*2, Maie Istighosah3 

1,2,3 Informatics Engineering, Telkom University Purwokerto, Indonesia  

 

Email: 2 yohanin@telkomuniversity.ac.id 

Received : Jan 5, 2026; Revised : Jan 19, 2026; Accepted : Jan 23, 2026; Published : Aug 14, 2026 

Abstract 

Bali has experienced rapid tourism growth, reaching more than 6.3 million international visitors in 2024, which has 

increased the risk of overtourism and created challenges for sustainable destination management. Despite tourism 

being a major contributor to Bali’s economy, planning practices have not fully adopted data-driven prediction 

approaches, resulting in uncertainty in infrastructure development, service capacity, and resource allocation. This 

study aims to compare the performance of Random Forest and XGBoost algorithms in predicting the popularity of 

tourist destinations in Bali to support evidence-based decision-making. The research utilizes historical tourist 

visitation data from 2018 to 2023, obtained from the Bali Provincial Tourism Office. Data preprocessing includes 

data cleaning, normalization, feature encoding, and dimensionality reduction using Principal Component Analysis. 

Three data split schemes (80:20, 75:25, and 90:10) are evaluated. Model performance is assessed using Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE). The results 

show that XGBoost outperforms Random Forest, achieving the best performance with a MAPE of 5.32% using the 

90:10 data split. The selected model is then applied to project tourism demand for 2024–2026, indicating that nature-

based and cultural tourism destinations remain dominant, particularly in Badung, Jembrana, and Gianyar Regencies. 

This study contributes to informatics by providing a machine-learning-based prediction model to support sustainable 

tourism management. 
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1. INTRODUCTION 

Tourism is derived from the Sanskrit words "wisata" (meaning "travel") and "pari" (meaning 

"many or many times") [1]. Tourism is the temporary travel activity in which a person or group visits a 

location for leisure, personal growth, or to learn about the distinctiveness of the sites they have visited 

[2]. In Bali Province, tourism is a significant industry and the foundation of the local economy [3] . In 

Bali Province, the Regional Original Income (PAD) of districts and cities is positively and significantly 

affected by visitor numbers, hotel occupancy rates, and GDP [4]. Additionally, according to Bank 

Indonesia's Fourth Quarter 2024 Indonesian Balance of Payments Report, the tourism industry generated 

USD 16.71 billion in total foreign exchange earnings in 2024 [5] . This circumstance suggests that the 

study is pertinent to investigating how Bali can remain a top tourist destination while balancing tourism 

and sustainability. This study supports Sustainable Development Goal (SDG) 9: Infrastructure, Industry, 

and Innovation. 

But despite these successes, Bali's destination management still faces a significant challenge, it 

lacks precise, data-driven forecasts of visitor numbers. When the number of visitors exceeds the 

destination's capacity, this restriction may lead to adverse effects such as overtourism. The disparity 

between visitor numbers and destination capacity has been more noticeable in recent years [6] . The use 

of machine learning in the tourism industry has been extensively studied. Machine learning has also 
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been used in several research projects related to data-driven digital tourism. In a study conducted by [7] 

used Google Reviews data to use a Support Vector Machine to assess the sentiment of five-star hotel 

reviews in Semarang, with a high degree of accuracy. However, this research did not investigate 

destination popularity prediction based on past visitor data; instead, it concentrated on text-based 

sentiment categorization. Random Forest, Single Exponential Smoothing (SES), and Double 

Exponential Smoothing (DES) are used in research [8] o forecast the number of visitors in NTB 

Province; Random Forest yields the best accuracy. Compared with previous models, research [9] that 

used XGBoost to forecast international visitor arrivals in Indonesia achieved better results, with RMSE 

of 671935.2, MAE of 648139.1, and MAPE of 20985.35. Despite the availability of data and its 

enormous potential, machine learning techniques are still not widely used to forecast Bali's tourism 

hotspots. Thus, the goal of this project is to apply machine learning to develop a predictive model for 

Bali's most visited tourist spots.   

According to earlier studies, ensemble-based machine learning algorithms such as Random Forest 

and XGBoost have been widely used and compared across a variety of classification and prediction 

tasks. To enhance comprehension of prediction outcomes [10] incorporates model-interpretation 

techniques and compares the performance of Random Forest, XGBoost, and LightGBM. In the 

meantime, [11] examined how well XGBoost and LightGBM performed in multiclass classification with 

hyperparameter tuning, finding that XGBoost performed competitively. Additionally, Random Forest 

was used to categorize student graduation dates in, [12] demonstrating the algorithm's ability to build 

accurate predictive models from complex numerical data.  

The tourism industry uses various methods to understand tourists' demand and behaviour. 

Numerous studies have examined how non-quantitative factors, including e-WOM, destination 

perception, and memorable travel experiences, affect travellers' desire to return [13], [14]. These 

methods have not yet been used to predict from past tourist visitation data, although they offer significant 

conceptual insights. Using algorithms such as Random Forest, XGBoost, SVR, and time-series 

techniques, additional research has employed quantitative methodologies and machine learning to 

forecast visitor numbers and hotel occupancy rates in Bali and other locations [15], [16], [17], [18]. 

These studies show the enormous potential of machine learning in the travel industry, though they often 

focus on generic forecasts, such as visitor numbers or occupancy, rather than destination-specific 

popularity forecasts based on visitation data for each destination. Additionally, some studies enhance 

tourist decision-making by using digital data, such as traveler reviews and consumer behavior 

classifications [19][20]. Recent research has begun exploring machine learning for forecasting tourism 

demand beyond aggregate visitor numbers, with studies using attraction-level and spatio-temporal 

approaches to predict tourist visits at specific points of interest, highlighting the feasibility of forecasting 

at finer spatial scales [21], [22], [23]. Ensemble and hybrid models, such as Random Forest combined 

with boosting techniques, have also been shown to improve forecast accuracy in complex tourism 

datasets by leveraging multiple learner strengths [24], [25]. However, despite these advances, most 

existing studies still emphasize aggregate tourism metrics, such as total arrivals or hotel occupancy, 

rather than forecasting destination-specific popularity based on visitation statistics. Moreover, research 

that explicitly links predictive outcomes to destination management strategies, such as redistributing 

visitor flows to alleviate overtourism pressures, remains limited, particularly in the context of rapidly 

growing destinations like Bali [26], [27]. Nevertheless, this method places more emphasis on sentiment 

and behavioral analysis than it does on using visitation statistics to forecast destination popularity. The 

Development of a destination popularity prediction model in Bali that integrates historical visitation 

data and thoroughly evaluates the effectiveness of machine learning algorithms remains lacking. 

The Bali Provincial Tourism Office's 2018–2023 tourist arrival statistics for each regency's 

destinations are first examined to address this disparity between destination capacity and visitor arrivals. 

https://jutif.if.unsoed.ac.id/
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A Random Forest-based prediction model was developed and tested alongside an XGBoost model to 

determine the optimal strategy, based on data analysis identifying patterns in visitor arrivals. This 

research is unique because it applies machine learning to Bali tourist data to develop a decision-support 

system that predicts destination popularity for 2024–2026 in a sustainable manner. This will assist the 

government and business stakeholders in developing appropriate marketing plans, allocating visitors 

more equitably, and anticipating strain on infrastructure and the environment.   

To address this gap, this study develops a destination-level tourism popularity prediction model 

for Bali using historical visitation data from 2018 to 2023 provided by the Bali Provincial Tourism 

Office. Random Forest and XGBoost models are evaluated to identify the optimal predictive approach, 

with projections generated for the 2024–2026 period. The proposed framework contributes to decision-

support systems for sustainable destination management by enabling more equitable visitor distribution, 

improved promotional planning, and proactive infrastructure management. Through this approach, the 

study advances the application of machine learning in tourism informatics by moving beyond aggregate 

forecasts toward actionable, destination-specific insights. 

2. METHOD 

The main steps of the modelling process in this work, from data collection to model assessment, 

are shown in a flow diagram. 

 

 
Figure 1.  Flowchart of Modeling System 

 

Figure 1 illustrates the end-to-end workflow of the proposed modeling system, starting from data 

collection and ending with model evaluation. The process begins by compiling official visitation records 

for Bali tourism destinations (Data Collection), which are then processed in the pre-processing stage to 

ensure the dataset is consistent and ready for analysis covering cleaning, handling missing/irregular 

entries, normalization, and feature preparation. Next, the dataset is divided into training and testing 

subsets (Data Splitting) to enable an objective performance assessment and avoid biased learning. The 

modeling stage applies two machine learning algorithms, Random Forest and XGBoost to learn patterns 

from historical visits and generate predictions. Finally, model evaluation measures predictive accuracy 

using the defined error metrics to select the most reliable approach for forecasting. For readability and 

reproducibility, the detailed explanation of each block in this flow is provided sequentially in Sections 

2.1 to 2.5, where every step is described in terms of its objective, procedure, and output before moving 

to the next stage. Figure 1 illustrates the end-to-end workflow of the proposed system. The pre-

processing block ensures data quality and mitigates bias from COVID-19 irregularities, while the 

detailed procedures and rationale of this stage are described comprehensively in the Pre-processing sub-

sections of Sections 2.1 to 2.5. 

2.1. Data Collection 

The information utilized pertains to commonly frequented tourist destinations, obtained from the 

Bali Government Tourism Office. The info used consists of historical tourist visit data spanning from 

https://jutif.if.unsoed.ac.id/
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2018 to 2023, sourced from an official entity, specifically the Bali Provincial Tourism Office website. 

According to [28], there are 251 tourist destinations in Bali, distributed across Denpasar, Badung, 

Gianyar, Bangli, Klungkung, Karangasem, Buleleng, Jembrana, and Tabanan. There are 251 places to 

visit in Bali, of which 50.6% are natural, 25.9% are cultural, and 23.5% are artificial. The information 

is divided into nine regencies or cities in Bali: Badung, Gianyar, Buleleng, Tabanan, Bangli, 

Karangasem, Klungkung, Jembrana, and Denpasar. 

 

 
Figure 2. Bali Tourist Destination Chart 

  

The chart in Figure 2 shows 251 tourist sites grouped into three categories: natural, cultural, and 

artificial. Indonesian Government Regulation Number 50 of 2011, concerning the National Tourism 

Development Master Plan [29], states that such tourism spots may exist. The goal of this grouping is to 

highlight how tourism differs in each place, as each has its own attractions and ways to reach them. 

2.2. Pre-Processing 

This study, which examined data from 2018 to 2023, tried to predict which tourist spots in Bali 

will be the most popular. The dataset contains data from 2015; however, it still has many empty columns, 

which makes it less useful for the study. The actions that were taken to prepare the data for this study 

are as follows: 

 

 
Figure 3. Flowchart Pre-Processing 

  

 Figure 3 shows that the first step in this stage of preparation is to clean the data. To keep the time 

series continuous, this means removing duplicate data, identifying missing values, and using linear 

interpolation to fill in the gaps. A regular number of individuals come, both from within and outside 

the nation. This number might be in the hundreds or millions, depending on where you reside. The 

Feature Hashing method encodes items that can be grouped, such as the names of tourist spots or 

government districts. Principal Component Analysis (PCA) is used to reduce the dimensionality during 

preprocessing. This improves the model's performance and reduces the risk of overfitting. 

https://jutif.if.unsoed.ac.id/
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2.3. Splitting 

When you split data, you randomly divide it into training and test data [30]. Splitting data 

functions break a dataset into two parts, train data and test data, with specific percentages [31]. We split 

the data into three groups at ratios of 90:10, 80:20, and 75:25. The 90:10 split allocated 90% to training 

and 10% to testing. The 80:20 approach used 80% of the data for training (tourist visits from 2018 to 

2022) and 20% for testing (tourist visits in 2023). The 75:25 method gives 75% of the data to training 

and 25% to testing. This made it clear how well the model worked. 

2.4. Modeling 

Breiman invented Random Forest, a supervised learning approach, in 2001. In Random Forest, 

each decision tree is trained on a random subset of the training data, and the regression results are 

averaged across all trees to produce a more stable, accurate model  [32]. 

𝑦̂ =
1

𝑁
∑ 𝑦̂𝑖

𝑁
𝑖=1       (1) 

According to equation 1, each model will generate a single prediction, denoted ŷi For N models, 

the forecast 𝑦̂ is calculated as the average of all predictions ŷi This indicates that Random Forest's 

forecast of tourist visits is the average of all models generated from different data viewpoints. 

Extreme Gradient Boosting (XGBoost) is an ensemble learning method that uses the gradient 

boosting decision tree (GBDT) algorithm. XGBoost builds a predictive model in stages. Each new 

model aims to address the problems of the previous one by minimizing the loss function using gradient 

descent. 

𝑦̂(𝑡) =  𝑦̂(𝑡−1) +  𝑓𝑖(𝑥)        (2) 

XGBoost develops the model step by step (iteratively) to make predictions more accurate, as 

shown in equation 2. At each iteration t, the final prediction ŷ(t) is made by adding the projections from 

the last iteration ŷ(t−1) and the outcomes of the new model produced at this iteration, which is fi(x). 

 

This study trained two regression models, Random Forest and XGBoost, under three train test 

split schemes, namely 80:20, 75:25, and 90:10. For each scheme, the training and test sets were loaded 

from separate files. The input features consisted of PCA transformed variables (columns with prefix 

pca_), while the prediction target was the scaled visitation value (2023_Total_scaled). Each model was 

trained using the same feature set within each scheme to ensure a fair comparison. Random Forest was 

trained with 300 trees and a fixed random seed to ensure reproducibility. XGBoost was trained with 300 

estimators and manually specified hyperparameters, including learning rate 0.05, maximum depth 4, 

subsampling 0.8, and column sampling 0.8, with squared error as the objective function. In this work, 

no automated hyperparameter tuning (such as grid search or random search) was applied; instead, model 

parameters were fixed consistently across all split schemes to maintain comparability. 

Algorithm 1. Training Procedure for RF and XGBoost Across Split Schemes 
1:Define split schemes S = {80:20, 75:25, 90:10} 

2:For each scheme s in S: 

3:Load training set df_train(s) and test set df_test(s) 

4:Extract feature matrix X_train and X_test from PCA columns (pca_) 

5:Extract target vector y_train and y_test from 2023_Total_scaled 

6:Train Random Forest model using fixed parameters:n_estimators=300, random_state = 42 

7:Train XGBoost model using fixed parameters:n_estimators=300,learning_rate=0.05, 

max_depth=4, subsample=0.8, colsample_bytree=0.8, objective=squared error 

8:Store both trained models for scheme s 

9:Evaluate predictions on the corresponding test set using MAE, RMSE, and MAPE 

10:End for 

https://jutif.if.unsoed.ac.id/
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Algorithm 1 presents the pseudocode of the model training procedure implemented in this study. 

The workflow starts by loading the preprocessed dataset that has been divided into three train test split 

schemes namely 80:20 75:25 and 90:10. For each scheme the input features are constructed from the 

PCA components pca_1 to pca_k while the prediction target is defined as the scaled visitation value 

TARGET_SCALED. Next two regression models are trained using identical feature sets within each 

split scheme namely Random Forest and XGBoost. The Random Forest model is trained with a fixed 

number of trees n_estimators 300 while the XGBoost model is trained using predefined parameters 

including learning rate max depth subsample and colsample_bytree. After training the fitted models and 

the corresponding test sets are stored for subsequent evaluation using the error metrics described in 

Equation 3 to Equation 5. This algorithmic description ensures that the modeling process is transparent 

and reproducible across the three data partitioning schemes. 

2.5. Model Evaluation 

The evaluation assessed the effectiveness of the Random Forest and XGBoost algorithms in 

forecasting tourist visits to destinations in Bali Province, using Mean Absolute Error (MAE), Root Mean 

Square Error (RMSE), and Mean Absolute Percentage Error (MAPE). 

 

𝑀𝐴𝐸 =  
1

𝑛
 ∑ |𝑦𝑖 − 𝑦̂𝑖|𝑛

𝑖=1     (3) 

  

 MAE uses equation 3 to get the average of the absolute differences between the anticipated values 

 (𝑦𝑖) and the actual values (ŷi). All differences are converted to positive (absolute) values, summed, 

and then divided by the number of data points (n). 

 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
 ∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1     (4) 

 

Equation 4 shows that RMSE is the square root of the mean squared difference between the actual 

and anticipated values. The actual difference (𝑦𝑖) and the anticipated value (ŷi) are squared, put 

together, divided by the number of data (n), and then squared. 

 

𝑀𝐴𝑃𝐸 =  
100%

𝑛
 ∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1     (5) 

 

According to equation 5, MAPE finds the average of the absolute percentage mistakes. To get the 

average, take the absolute value of the difference between the actual value (𝑦𝑖) and the forecast (ŷi), 

divide it by the actual value (𝑦𝑖), and then multiply by 100%. 

3. RESULT 

The conclusions of this research summarize tourist visitation statistics and insights derived from 

analytical and modeling processes aimed at forecasting the popularity of tourist locations in Bali. 

3.1. Data Collection Results 

The Ministry of Tourism provided us with raw data that we used to group tourist attractions into 

three broad categories: natural, cultural, and artificial. The data were grouped by district or city before 

preprocessing. 

 

https://jutif.if.unsoed.ac.id/
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(A) Distribution of Raw Data Categories 

 

 
(B) District Distribution of Raw Data Categories 

Figure 4. (A) Distribution of Raw Data Categories and B) District Distribution of Raw Data 

Categories 

Figure 4 (A) and Figure 4 (B) illustrate the condition of the raw dataset prior to the application of 

machine learning, presenting both categorical and geographic distributions of tourism destinations in 

Bali. The visualization reveals the dominance of nature-based and cultural attractions as well as uneven 

concentration across several regencies, particularly Buleleng, Jembrana, and Denpasar City. This initial 

portrayal is crucial as a transparent baseline that demonstrates how representative and authentic the data 

are before preprocessing and modeling. Understanding these disparities helps frame the objective of the 

study, namely to build predictive models that are sensitive to destination types and regional contexts, 

thereby supporting sustainable and evidence-based destination management. Figure 4 (A) specifically 

https://jutif.if.unsoed.ac.id/
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depicts the distribution of destinations by tourism category before cleaning. The chart indicates that the 

“Nature” group reaches 125 items, far exceeding “Culture” (64) and “Artificial” (58). This imbalance 

mirrors the real tourism ecosystem of Bali where beaches, mountains, and ecological parks are more 

numerous than built attractions. Showing the dataset in its original categorical form enables readers to 

appreciate the structural characteristics that later justify the use of multiclass and imbalance-aware 

modeling strategies. Figure 4 (B) presents the number of listed destinations across regencies prior to 

preprocessing. The highest counts appear in Buleleng (68) and Jembrana (56), followed by Denpasar 

City (44) and Gianyar (28), while Badung and Bangli contribute single-digit values. This pattern 

highlights spatial concentration in northern and western Bali and relatively fewer records in the core 

southern area. Such geographic insight is important for interpreting forecast outcomes because regional 

representation may affect learning behavior of ensemble algorithms and the assessment of carrying 

capacity at district level. 

3.2. Pre-Processing Results 

Since the visitation records span the COVID-19 disruption (2018–2023), the dataset inevitably 

exhibits blank cells, non-numeric entries, and extreme fluctuations associated with attraction closures 

and the rapid rebound of tourism demand. During the cleaning stage, domestic (wisnus) and international 

(wisman) visit columns were converted into numeric format, and missing or invalid values were imputed 

as zero, as the study interprets the absence of visits under mobility restrictions as a legitimate 

observation. After aggregation into yearly totals, destination-level gaps were treated using linear 

interpolation to maintain spatio-temporal continuity, while non-interpolable cases were completed with 

median imputation to reduce sensitivity to recovery-driven extremes. Visitation outliers in the post-

pandemic phase were deliberately retained to preserve real tourism dynamics, with their effect controlled 

through normalization so that ensemble learners receive stable and comparable inputs. These steps 

strengthen data reliability and ensure that the Random Forest and XGBoost models learn from authentic, 

fine-grained visitation patterns, thereby improving methodological robustness and reproducibility of 

attraction-specific forecasting. 

Figures 5 (A) and 5(B) show what happened when we employed the approach for collecting and 

sorting data. They are the first hints at how the dataset is put together, showing how Bali's tourist 

attractions are distributed by type and region. Figure 5(A) demonstrates how Bali's tourist attractions 

are spread out by category after the data has been collected and put in order. Ecological tourism is the 

most popular kind of tourism in 125 sites. Cultural tourism ranks second with 64 sites, while artificial 

tourism ranks third with 58 sites. This map shows the places in Bali that visitors prefer to visit. Natural 

features such as beaches, mountains, and waterfalls strengthen cultural tourism. This kind of tourism is 

all about old towns, temples, and places rich in history. Fake tourism has made Bali less popular, but it 

has also offered new things to see and do on the island. The distribution of categories demonstrates that 

the material is helpful to a wide range of visitors. This is vital for building a prediction model that 

accounts for how different types of visitors behave in other contexts. After sorting, Figure 5(B) shows 

that Bali's tourist attractions are spread across several towns and districts. 

Buleleng Regency has the most tourist places (68), followed by Jembrana Regency (56) and 

Denpasar City (44). This implies that those who travel may visit many different areas. The Karangasem 

and Gianyar regencies have many cultural and natural sites that tourists can visit. There are 29 places in 

Karangasem and 28 in Gianyar. Tourism is still essential in Badung, Klungkung, and Bangli, even 

though they don't have as many activities. These sites may not offer as many activities, but they are 

nonetheless popular. This study of the districts shows that Bali has many places tourists like to visit. 

This highlights how vital geography is for figuring out where people will go and how they will get there. 

https://jutif.if.unsoed.ac.id/
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(A) Category Distribution After Pre-Processing 

 

  

(B) District Distribution After Pre-Processing 

Figure 5. (A) Category Distribution After Pre-Processing and (B) District Distribution After Pre-

Processing 

Figure 5 (A) and 6(B) show that the normalisation technique has a significant effect on the 

statistical properties of the tourist visitation data. Figure 6(A) indicates that the data exhibit significant 

fluctuations in scale from year to year before normalisation. This suggests that the distribution is skewed 

and contains extreme values. These situations may harm machine learning models by allowing 

characteristics with larger magnitudes to dominate the learning process. Figure 6(B), on the other hand, 

shows that, after normalisation, all the characteristics have a mean near zero and a standard deviation of 

around 1. This means the data has been adequately rescaled to a uniform range. The smaller minimum 

and maximum values indicate that differences in size and the impact of extreme values have been 

successfully reduced. This phase of normalisation ensures that all features contribute equally, stabilises 

the model, and provides a solid base for the next steps in preprocessing and predictive modelling using 

Random Forests and XGBoost. 

https://jutif.if.unsoed.ac.id/
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(A) Statistics before normalization 

 

 
(B) Statistics after normalization 

Figure 6.  (A) Statistics before normalization and (B) Statistics after normalization 

Figures 6 illustrate how to utilise the FeatureHasher method to convert categorical data about 

tourist spots into numerical characteristics that machine learning can exploit. The correlation heatmaps 

show how the hash properties, hash_0 through hash_7, are connected. The findings indicate that most 

hash characteristics have modest correlations, with many nearing zero. This means that the encoded 

properties don't have much to do with each other. The FeatureHasher quickly spreads category data 

across many dimensions, reducing redundancy and multicollinearity. There are just a few positive and 

https://jutif.if.unsoed.ac.id/
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negative correlations, which means that hashed characteristics don't typically correlate with each other. 

In predictive modelling, characteristics must not be too similar. This reduces the risk of bias from 

interdependent inputs and makes it easier for machine learning models such as Random Forests and 

XGBoost to find patterns. Feature hashing is a good way to convert category trip data into numbers. 

This ensures that preprocessing remains consistent, which helps the model predict where visitors are 

most likely to go. 

 

 
Figure 7. Tourist destination after encoding 

 

 
Figure 8. PCA scatter plot 

 

The PCA scatter plot of the tourist destination data, projected onto the main component space, is 

shown in Figure 7. The picture shows how to reduce the original high-dimensional data to a small 

number of principal components while preserving the data's important structure and variance. The 

scatter plot shows that the data points are evenly distributed across the central component space. This 

suggests that PCA is excellent at discovering the essential patterns in the data. Clusters don't have 
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defined edges, but the way the data points are distributed shows significant variation in visitor criteria, 

including destination type, location, and how often they visit. This projection indicates that the 

dimensionality reduction method removes unnecessary information while preserving crucial details 

from the original features. PCA speeds up calculations and reduces noise by projecting data into a lower-

dimensional space. This makes the following modelling step more robust and reliable. The PCA scatter 

plot shows that the chosen principal components are suitable for predictive modelling, as they retain the 

structural variation of the processed data while making it easier to train Random Forest and XGBoost 

models. 

Table 1. Pre-processing (PCA) Results 

 

 

 

 

 

 
 

 

 

Table 1 shows the results of the PCA-based dimensionality reduction. The nine main components 

explain 91.91% of the dataset's total variation. The main principal component explains 56.77% of the 

overall variance, indicating that the main change in the data is due to standard tourist visitation patterns. 

The following three parts (PCA-2 to PCA-4) explain the main story by showing how things have 

changed over time due to differences across regions, destination types, and how people behave when 

they visit. The residual components (PCA-5 to PCA-9) exhibit less independent variance; yet, they retain 

more subtle information and complex patterns within the dataset. These results show that PCA is a good 

way to reduce the dimensionality while preserving the structure of the original data. This makes it a 

valuable and quick technique for obtaining characteristics for future predictive modelling. 

 

 
Figure 9.  Data visualization after PCA 

Component Variance (%) 

PCA-1 56.77 

PCA-2 7.75 

PCA-3 6.04 

PCA-4 4.55 

PCA-5 4.13 

PCA-6 3.74 

PCA-7 3.18 

PCA-8 2.96 

PCA-9 2.79 

Total 91.91 
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After dimensionality reduction, Figure 8 illustrates the PCA-1 vs. PCA-2 representation of the 

tourist destination data. Most data points are close to the centre, indicating that most destinations share 

similar underlying features. PCA-1 shows the main variation linked to total visitor intensity, while PCA-

2 shows secondary differences between destination qualities or areas. A few points scattered across seem 

like outliers. This indicates that the destinations have very different or greater visiting trends. This 

distribution suggests that PCA preserves the primary structure of the data while still leaving sufficient 

space between points for effective predictive modelling. 

3.3. Modeling Results 

The goal of the modelling phase is to test how well the proposed machine learning models perform 

before they are used to make the final prediction. This research examines several data-splitting 

methodologies to determine the optimal integration of data partitioning and model performance. We use 

Random Forest and XGBoost models to accomplish the assessment, and we choose the scheme with the 

fewest errors. 

Table 2 demonstrates how Split Data Scheme 1 is set up using an 80:20 split, which gives you 

184 training samples and 46 test samples. This strategy achieves the right mix between how much you 

can learn and how well the exam works. It ensures the model is trained on a large enough dataset and 

that a separate test set is used to evaluate how well it performs. 

 

Table 2.  Split Data Schema 1 

Split data (80:20) 

Data Train 184 

Data Test 46 

PCA Features 9 Components 

PCA Variance 91.91% 

 

Nine main components make up the input characteristics. They account for 91.91% of the total 

variance, meaning that most of the original data remains after reducing the dimensionality. 

 

Table 3. Evaluation of Scheme Model 1 

 

 

 

 

 

The 80:20 data split worked well with the Random Forest and XGBoost models, as seen in Table 

3. It employs three distinct ways to achieve this, the Mean Absolute Error (MAE), the Root Mean Square 

Error (RMSE), and the Mean Absolute Percentage Error (MAPE). The MAE for the Random Forest 

model is 0.09, the RMSE is 0.20, and the MAPE is 8.76%. This suggests that it doesn't do an excellent 

job of guessing. The XGBoost model, on the other hand, works better. The MAE is 0.05, the RMSE is 

0.09, and the MAPE is 5.45%. The error rates for XGBoost are consistently decreasing, indicating it can 

find more complex patterns and nonlinear interactions in the tourist dataset. More accurate predictions, 

closer to the real data, have lower MAE and RMSE values. The estimates are more accurate than those 

from Random Forest if the MAPE is lower. The findings of Scheme 1 show that XGBoost works better 

than Random Forest when the data is divided 80:20. At this point in the evaluation, this means that it is 

a better way to guess where travelers will go. 

Model Evaluation 

 MAE RMSE MAPE 

Random Forest 0.09 0.20 8.76% 

XGBoost 0.05 0.09 5.45% 
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Table 4. Split Data Schema 2  

Split data (75:25) 

Data Train  172  

Data Test 58 

PCA Features 9 Komponen Components 

PCA Variance 91.91% 

 

  The 75:25 data split allocates 172 samples to the training set and 58 to the test set, as shown in 

Table 4. This approach gives the model a larger test set than the 80:20 technique, allowing us to examine 

its generalisation abilities more thoroughly. Like in the last method, the dataset has nine PCA 

components. These parts make up 91.91% of the overall change. This ensures that the vital information 

from the original data is preserved after dimensionality reduction. 

Table 5. Evaluation of Scheme Model 2  

Model Evaluation 

 MAE RMSE MAPE 

Random Forest 0.08 0.19 7.91% 

XGBoost 0.06 0.11 6.18% 

 

Table 5 demonstrates how well the Random Forest and XGBoost models did on the 75:25 data 

split. It does this by using MAE, RMSE, and MAPE. The MAE for the Random Forest model is 0.08, 

the RMSE is 0.19, and the MAPE is 7.91%. This is a little better than the 80:20 plan. The Random 

Forest model continues losing to the XGBoost model, nevertheless. It has a lower MAE of 0.06, an 

RMSE of 0.11, and a MAPE of 6.18%. The results indicate that XGBoost still delivers superior 

predictions even with a smaller training dataset. This shows how powerful it is and how effectively it 

can be used in other situations. The error numbers are a little higher than those in the 80:20 scheme, but 

the performance is the same. This shows that the model performs well across different data splitting 

methods. The results of the Scheme 2 test indicate that XGBoost is the superior model for predicting a 

tourist spot's popularity across various data partitioning conditions. 

Table 6. Split Data Schema 3 

Split data (90:10) 

Data Train 207 

Data Test 23 

PCA Features 9 Components 

PCA Variance 91.91% 

 

Table 6 shows the 90:10 data split, with 207 samples in the training set and 23 in the test set. 

This strategy uses the most extensive training dataset of the other methods, which helps models find 

more complex patterns. The test set is small, but it is big enough to measure performance. The dataset 

has 9 PCA components, which represent 91.91% of the total variance. This signifies that the reduced 

feature set retains the most essential information from the original data. 

Table 7. Evaluation of Scheme Model 3 

Model Evaluation 

 MAE RMSE MAPE 

Random Forest 0.09 0.20 8.73% 

XGBoost 0.05 0.09 5.32% 
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The results of testing the Random Forest and XGBoost models with MAE, RMSE, and MAPE 

are shown in Table 7. The MAE for the Random Forest model is 0.09, the RMSE is 0.20, and the MAPE 

is 8.73%. This suggests that its predictive ability is steady, but it might be better. The XGBoost model, 

on the other hand, works far better. The MAE is 0.05, the RMSE is 0.09, and the MAPE is 5.32%, which 

is the lowest of all the plans we looked at. This method continues to lower XGBoost's error rates, 

indicating that giving the model more training data helps it discover more complex patterns and 

nonlinear correlations in the tourist dataset. The improved result also shows that XGBoost performs 

better with larger training sets than Random Forest does. Overall, Scheme 3 shows that XGBoost with 

a 90:10 data split gives the best and most accurate predictions. This is the best way to anticipate which 

tourist spot will be the most popular in this research.. 

3.4. Prediction Results 

Make sure the XGBoost model is functioning properly by allocating 90% of the data for training 

and 10% for validation and testing. To improve the model's ability to explain the impact of seasonal 

variations, present trends, and structural changes on tourist demand, we retrained it using data from 

2018-2023. We estimated the population in 2024, 2025, and 2026 under three different growth scenarios, 

low, medium, and high-using the trained model. The purpose of the scenarios is to illustrate potential 

outcomes in the event of economic downturns, legislative changes, or altered passenger behavior. 

The forecasts reveal where the number of tourists is expected to grow most, where it is likely to 

grow over the next few years, and which types of tourism will continue to attract visitors. This study 

presents the 10 most popular tourist spots from 2024 to 2026 across three growth. The research divides 

places into three forms of tourism: cultural, natural, and man-made. This gives a good idea of the kinds 

of people who could come to visit in the future. If people who plan trips, work in the tourism industry, 

and make tourism decisions want to create long-term plans for tourism and use resources wisely, they 

need to pay close attention to these outcomes. 

 

 
Figure 10.  Low-growth Popular Tourist Destinations 2024 

 

Figure 9 illustrates our top 10 most popular tourist attractions in Bali for 2024, assuming a bit of 

Development. The XGBoost model with a 90:10 data split was used to make these. Under low-growth 
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conditions, Tanah Lot is expected to attract the most visitors (2.247.939), followed by Kawasan Nusa 

Penida (2.245.170) and Uluwatu (1.816.275). This illustrates that specific sites are still in high demand, 

even when Development is delayed. The results show that nature-based tourism is the most popular kind 

of tourism when Development is sluggish. Pantai Pandawa, Desa Penglipuran, Tirta Empul, and 

Penelokan Batur are always at the top of the list of best places to visit. Tanah Lot and Ulun Danu Beratan 

are two cultural attractions that are still quite famous. This illustrates how rich Bali's cultural past is. 

The most popular locations to visit in the area are in the Jembrana, Badung, Gianyar, Bangli, and 

Klungkung Regencies. This shows that tourism is still spread across many regions. People still come to 

see nature and culture even when development is low. From 2024 to 2026, this information will help 

plan tourism and run places in ways that are good for the environment. 

Figure 10 illustrates the XGBoost model's forecast of the top 10 most popular tourist spots in Bali 

for 2024, based on a 90:10 data split. Tanah Lot is still the most popular tourist spot, with 2.290.757 

visitors. Kawasan Nusa Penida (2.287.935) and Uluwatu (1.850.871) are close behind. This indicates a 

slight increase in the number of visitors while maintaining the overall ranking the same as when 

Development was slower. Pantai Pandawa, Desa Penglipuran, Tirta Empul, and Penelokan Batur are all 

nature-based sites that get the most tourists and are all growing steadily. Tanah Lot and Ulun Danu 

Beratan are still very popular cultural attractions, which means they can withstand growth at all levels. 

 

 
Figure 11. Medium-growth Popular Tourist Destinations 2024 

 

The Jembrana, Badung, Gianyar, Bangli, and Klungkung Regencies still have the most popular 

tourist attractions. This means that tourist growth occurs in a balanced, geographically spread-out 

manner when moderate. Overall, the data demonstrate that tourists still prefer cultural and environmental 

tourism, even with modest development. 

Using the XGBoost model with a 90:10 data split, Figure 11 shows the predicted results for the 

top 10 most popular tourist spots in Bali for 2024 under strong growth. Tanah Lot is still the most 

popular tourist destination, with 2.354.983 expected visitors, followed closely by Kawasan Nusa Penida 

(2.352.083) and Uluwatu (1.902.765). This shows a significant increase in the number of visitors while 

keeping the same ranking pattern as when growth was lower. Nature-based locations still make up most 

of the findings. Pantai Pandawa, Desa Penglipuran, Tirta Empul, Penelokan Batur, and Mandala Suci 
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Wanara Wana all saw significant increases in expected visitor numbers. Cultural attractions like Tanah 

Lot and Ulun Danu Beratan are also growing rapidly, indicating they remain strong and interesting to 

tourists as demand for them increases. The most popular sites to visit in the area are still Jembrana, 

Badung, Gianyar, Bangli, and Klungkung Regencies. This means that tourism development helps more 

than one location. Overall, the findings reveal that nature and cultural tourism gain the most from rapid 

growth. This supports their roles as the key drivers of Bali's tourist development from 2024 to 2026. 

 

 
Figure 12. High-growth  Popular Tourist Destinations 2024 

 

 
 Figure 13. Low-growth  Popular Tourist Destinations 2025 

 

Figure 12 shows what would likely happen to the ten most popular tourist spots in Bali in 2025, 

based on a little increase. To make these predictions, the XGBoost algorithm employed a 90:10 split of 
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the data. The findings show that the general destination hierarchy will remain unchanged beyond 2024. 

This demonstrates that visitors have the same tastes even when things are moving slowly. Tanah Lot is 

still the most popular place to visit, with an expected 2.360.336 visitors. The Nusa Penida region 

(2.357.428) and Uluwatu (1.907.089) are next, and all three areas have seen slight increases in tourist 

numbers. Pantai Pandawa, Desa Penglipuran, Tirta Empul, Penelokan Batur, and Mandala Suci Wanara 

Wana are still the best places to see nature. This shows that people still want to explore natural 

attractions, even while development is slow. Cultural sites like Tanah Lot and Ulun Danu Beratan are 

also growing steadily, indicating they will remain popular for a long time. Jembrana, Badung, Gianyar, 

Bangli, and Klungkung Regencies remain the most popular destinations in the area, and there haven't 

been any significant changes in which regions are most popular. Overall, the data show that when growth 

is modest, the number of visitors rises slowly, with little change in destination rankings. This suggests 

that tourism will follow a steady and predictable pattern in 2025. 

Based on a medium growth rate and a 90:10 data split, Figure 13 shows the expected results for 

the top 10 most popular tourist destinations in Bali in 2025. The overall ranking remains the same, but 

the number of visitors is higher than during low-growth periods. This shows that even as demand is 

increasing rapidly, people still want to go to the same places. Tanah Lot remains at the top with 

2.451.110 visitors predicted. Kawasan Nusa Penida (2.448.090) and Uluwatu (1.980.432) are not far 

behind, though there is a wider gap between them and the places below. Pantai Pandawa, Desa 

Penglipuran, Tirta Empul, and Penelokan Batur are all natural sites that attract many tourists. This shows 

that nature tourism remains the most popular form of tourism when Development is slow. 

 

 
Figure 14.  Medium-growth  Popular Tourist Destinations 2025 

 

Tanah Lot and Ulun Danu Beratan are two cultural sites that have also experienced steady, 

sustained growth, indicating they remain popular. Popular spots are still scattered throughout the 

regencies of Jembrana, Badung, Gianyar, Bangli, and Klungkung. But the higher growth rate makes the 

difference between the most significant areas and the rest stand out a bit more. The results reveal that 

tourist demand grows faster when the economy is growing at a medium pace, but the same rankings stay 

the same. This means more people will visit essential tourist spots in 2025. 
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Figure 15.  High-Growth  Popular Tourist Destinations 2025 

Figure 14 shows what the XGBoost model thinks will be the most popular tourist spots in Bali in 

2025, based on a 90:10 data split and quick growth. When growth is substantial, the number of visitors 

increases significantly, but the place's rating stays the same. This shows that demand is rising even when 

visitors' tastes remain the same. Tanah Lot remains in first place, with 2.590.482 tourists expected. 

Kawasan Nusa Penida (2.587.291) and Uluwatu (2.093.041) are not far behind. All three are rising 

sharply compared to times when growth was low or modest. Pantai Pandawa, Desa Penglipuran, Tirta 

Empul, and Penelokan Batur are all nature-based attractions that attract far more visitors when there are 

many tourists. This means natural attractions remain the most popular at these times. Tanah Lot and 

Ulun Danu Beratan are two cultural centres that are rising quickly. This indicates they can handle more 

visitors and stay popular even when there are many. Many popular places remain in the Jembrana, 

Badung, Gianyar, Bangli, and Klungkung Regencies. But the difference between the best and the poorest 

areas is larger when the growth rate rises. Overall, the data show that when the economy is growing 

swiftly, interest in tourism grows rapidly and becomes more focused on key destinations. There will be 

both greater obstacles and more chances for Bali's tourist sector in 2025. 

 

 
Figure 16. Low-growth Popular Tourist Destinations 2026 
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If growth doesn't pick up, Figure 15 shows what will happen to Bali's ten most popular tourist 

spots by 2026. To make these predictions, we used the XGBoost model and split the data into 90% for 

training and 10% for testing. The ranking of places to visit remains the same, but the data shows that 

more people are visiting each destination each year than in 2025. This indicates that travellers' tastes 

don't change, even in bad economic times. Tanah Lot remains in the top position, with 2.478.352 visitors 

predicted. Tanah Lot is still in first place, with 2.478.352 tourists expected. Kawasan Nusa Penida 

(2.475.300) and Uluwatu (2.002.444) are close behind. They are all growing slowly and steadily, and 

nothing significant has changed. Pantai Pandawa, Desa Penglipuran, Tirta Empul, Penelokan Batur, and 

Mandala Suci Wanara Wana are still the best places to see nature. This shows that even a little increase 

in population keeps natural attractions in high demand. Tanah Lot and Ulun Danu Beratan are two 

cultural attractions that are becoming increasingly popular as more people visit them. The regencies of 

Jembrana, Badung, Gianyar, Bangli, and Klungkung still have the most popular tourist spots. There 

haven't been any significant changes in who manages space. In general, the results show that tourism 

will rise steadily and stably in 2026. The number of visitors will keep going up, but the rankings of 

places to visit will stay the same. 

 

 
Figure 17. Medium-growth Popular Tourist Destinations 2026 

 

Assuming medium growth and a 90:10 data split, Figure 16 illustrates the XGBoost model's 

projections for the top 10 most popular tourist locations in Bali in 2026. There are more visitors than 

there were before, but the destination's overall ranking stays the same. This means that tourists have the 

same tastes all the time and that conditions for tourism are getting better. Tanah Lot remains the most 

visited place, with 2.622.687 people expected. Kawasan Nusa Penida (2.619.457) and Uluwatu 

(2.119.062) are not far behind, and all three are clearly growing compared to 2025. Pantai Pandawa, 

Desa Penglipuran, Tirta Empul, Penelokan Batur, and Mandala Suci Wanara Wana are all natural 

attractions attracting many visitors. This illustrates that people still want to see natural wonders, even 

when the economy is slow. Tanah Lot and Ulun Danu Beratan are two cultural sites that are also growing 

steadily, indicating they remain popular. There are still many popular sites to visit in the Jembrana, 

Badung, Gianyar, Bangli, and Klungkung Regencies, but the gap between the best and worst places to 

visit is widening as Development accelerates. Overall, the results suggest that under medium 

Development, tourism demand in 2026 increases progressively, while destination rankings remain 

unchanged. This shows that the tourism climate is improving and that individuals are feeling more 

confident. 
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Figure 18 shows that the XGBoost model with a 90:10 data split was used to estimate the top 10 

tourist spots in Bali for 2026 under strong growth. The results show that all the major destinations have 

seen a significant increase in visitor numbers, while the overall ranking has remained the same. This 

means tourists have strong, lasting preferences and that growth is accelerating. Tanah Lot remains the 

most popular place to visit, with 2.849.530 expected visitors. Kawasan Nusa Penida (2.846.020) and 

Uluwatu (2.302.345) are not far behind. Both have achieved considerable advancement since the 

circumstances of medium and low development. 

During phases of accelerated tourist expansion, locations such as Pantai Pandawa, Desa 

Penglipuran, Tirta Empul, Penelokan Batur, and Mandala Suci Wanara Wana get many visitors. This 

demonstrates the popularity of natural attractions. 

 

 
Figure 18. High-growth Popular Tourist Destinations 2026 

 

Cultural sites like Ulun Danu Beratan and Tanah Lot are also growing rapidly, indicating they 

remain popular and strong. The Jembrana, Badung, Gianyar, Bangli, and Klungkung Regencies still 

have many popular places to visit, but the gap between the best and worst has widened due to higher 

growth rates. Overall, the results reveal that demand will rise and focus more on main attractions in 

2026, when tourism is predicted to grow quickly. This is because travel conditions will be better, which 

will help Bali's tourism momentum towards long-term growth. 

 

 
(A) Regency Popularity 2024 
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 (B) Regency Popularity 2025 

 
(C) Regency Popularity 2026 

   Figure 19. (A) Regency Popularity 2024; (B) Regency Popularity 2025 and (C) Regency 

Popularity 2026 

 

 
   (A) Category Popularity 2024 
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(B) Category Popularity 2025 

 
(C) Category Popularity 2026 

 

Figure 20.  (A) Category Popularity 2024; (B) Category Popularity 2025 and (C) Category 

Popularity 2026 

 

Figure 20 shows the expected popularity of different types of tourism in Bali for 2024, 2025, 

and 2026. The growth rates are low (5%), medium (7%), and high (10%). The most popular type of 

tourism is nature-based, followed by cultural tourism. Artificial tourism, on the other hand, is the least 

popular type of tourism. The smooth rise from low to high growth shows that higher growth rates attract 

more visitors across all categories without changing their relative dominance. There is still a 

considerable distinction between cultural and natural tourism. This means that tourists like both natural 

and cultural attractions, such as beaches and mountains. Cultural tourism is constantly evolving, 

indicating that it remains robust and popular. But artificial tourism is expanding more slowly, which 

means it may not have as much opportunity to grow as other sorts. As time goes on, particularly in 2025 

and 2026, conditions favourable to further Development will widen the gap between the dominant and 

less dominant groups. The results reveal that nature and cultural tourism are the key drivers of Bali's 

tourism growth. This is essential information for building long-term goals and growing tourism in 

certain places. 
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(A) Growth Low of Artificial Tourism Destinations in Bali, 2024–2026 

 
(B) Growth Low of Cultural Tourism Destinations in Bali, 2024–2026 

 
(C) Growth Low of Nature-Based Tourism Destinations in Bali, 2024–2026 

Figure 21. (A) Growth Low of Artificial Tourism Destinations in Bali, 2024–2026; (B) Growth Low 

of Cultural Tourism Destinations in Bali, 2024–2026 and (C) Growth Low of Nature-Based Tourism 

Destinations in Bali, 2024–2026 

Figure 21 presents a comparative visualization of the predicted visits for the top ten tourism 

destinations in Bali during the period 2024 to 2026 under a low growth level of 5 percent, organized 

into three main categories: Artificial Destinations (A), Cultural Destinations (B), and Nature Based 

Tourism Destinations (C). In the artificial category, the most prominent trend is shown by Bali Safari 

and Marine Park, positioned far above other artificial sites with approximately 300.000 visits in 2024 
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and increasing linearly to nearly 320.000 visits in 2026, while Khrisna Funtastic Land moves steadily 

around 130.000 to 142.000. Other artificial destinations visible in the legend, namely Pasar Badung, 

Pasar Sindhu, TCEC, Water Blow, Bali Zoo Park, Taman Edelweis, Pelabuhan Buleleng, Rest Area 

Rambut Siwi, and similar supporting objects, are clustered within the range of 40.000 to 100.000 with 

almost parallel gradients, indicating stability of demand accompanied by a clear popularity gap and no 

significant change in ranking across years. The cultural destination chart uses a much larger scale, where 

iconic heritage sites such as Tanah Lot reach the highest position around 2.25 million rising to nearly 

2.5 million, and Uluwatu grows consistently from about 1.8 million to around 2 million, reflecting the 

strong resilience of culturally meaningful tourism even at a minimal growth assumption, whereas 

destinations like Monumen Perjuangan Rakyat Bali, Taman Ayun, Besakih, Pulaki, Brahma Vihara 

Arama, Taman Ujung, Pancoran Solas, Pulaki, Ulun Danau Beratan, and related temples and 

monuments, appear nearly horizontal between 50.000 and 250.000. In the nature based category, the 

highest predicted lines correspond to Nusa Penida and major beaches such as Pantai Pandawa, increasing 

slightly from around 2.25 million to almost 2.5 million, while Tirta Empul, Air Terjun Tegenungan, 

Penelokan Batur, Desa Penglipuran, Kebun Raya Bedugul, Mandala Suci Wenara Wana, Pantai Labuan 

Sait, Jati Luwih, and comparable ecological attractions, remain within 450.000 to 900.000 with very 

low and parallel slopes, suggesting that natural tourism projections are constrained by ecological 

capacity, accessibility, and seasonality rather than market expansion. When the three charts are read 

descriptively as a whole, Figure 21 reveals internal disparity in artificial and cultural groups, persistent 

dominance of Tanah Lot and Uluwatu as emotional magnets, and highly aligned gradients in nature 

based tourism that characterize conservative and sustainable growth projections for Bali from 2024 to 

2026. 

 
(A) Growth Medium of Artificial Tourism Destinations in Bali, 2024–2026 

 
(B) Growth Medium of Cultural Tourism Destinations in Bali, 2024–2026 
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(C) Growth Medium of Nature-Based Tourism Destinations in Bali, 2024–2026 

Figure 22. (A) Growth Medium of Artificial Tourism Destinations in Bali, 2024–2026; (B) Growth 

Medium of Cultural Tourism Destinations in Bali, 2024–2026 and (C) Growth Medium of Nature-

Based Tourism Destinations in Bali, 2024–2026 

Figure 22 provides a merged description of the predicted visits for the top ten tourism destinations 

in Bali from 2024 to 2026 at a Medium growth, classified into Artificial Tourism Destinations (A), 

Cultural Tourism Destinations (B), and Nature Based Tourism Destinations (C). The artificial chart 

shows Bali Safari and Marine Park as the most dominant built attraction positioned near 295.000 visits 

in 2024 and rising linearly to almost 340.000 in 2026, while Khrisna Funtastic Land grows steadily 

around 135.000 to 150.000, whereas destinations such as Pasar Badung, Pasar Sindhu, TCEC, Water 

Blow, Bali Zoo Park, Taman Edelweis and Pelabuhan Buleleng remain concentrated between 45.000 

and 100.000 with nearly parallel slopes, indicating uniform linear increments and a persistent popularity 

gap inside the artificial group. In the cultural chart, Tanah Lot reaches the highest position at 

approximately 2.3 million in 2024 and increases consistently to about 2.7 million in 2026, accompanied 

by Uluwatu around 1.9 to 2.1 million as another key contributor, while Monumen Perjuangan Rakyat 

Bali, Taman Ayun, Besakih, Pulaki, Brahma Vihara Ambarawa, Pancoran Solas, Taman Ujung and 

Ulun Danau Beratan appear almost horizontal between 60.000 and 250.000, reflecting strong resilience 

of culturally meaningful tourism even at only seven percent growth. The nature based chart shows 

Kawasan Nusa Penida at the highest level around 2.25 million rising to nearly 2.6 million, and Pantai 

Pandawa increasing slightly from 1.7 to about 1.95 million, whereas objects such as Tirta Empul, 

Mandala Suci Wenara Wana, Air Terjun Tegenungan, Penelokan Batur, Desa Penglipuran, Kebun Raya 

Bedugul and Jati Luwih stay within 450.000 to 1.1 million with very low and aligned gradients, 

suggesting that natural tourism projections are constrained by ecological capacity and accessibility 

rather than market expansion. When the three charts are interpreted together, the figure confirms 

disparity in artificial and cultural categories, consistent dominance of iconic destinations Tanah Lot and 

Uluwatu, and conservative parallel growth of nature based attractions that characterize realistic and 

balanced development expectations for Bali during 2024 to 2026 at a Medium growth. 

Figure 23 explains in an integrated description the predicted visits of the top ten tourism 

destinations in Bali from 2024 to 2026 at a High growth level of 10 percent, grouped into Artificial 

Tourism Destinations (A), Cultural Tourism Destinations (B), and Nature Based Tourism Destinations 

(C). The artificial chart shows Bali Safari and Marine Park as the most outstanding built attraction 

around 305.000 visits in 2024 increasing linearly to nearly 365.000 in 2026, and Khrisna Funtastic Land 

rising steadily from about 135.000 to almost 165.000, while destinations such as Pasar Badung, Pasar 

Sindhu, TCEC, Water Blow, Bali Zoo Park, Taman Edelweis and Pelabuhan Buleleng remain 

concentrated between 45.000 and 100.000 with almost parallel slopes, indicating uniform linear 
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increments and stable ranking accompanied by a clear popularity gap inside the artificial group. In the 

cultural chart Tanah Lot reaches the highest position at approximately 2.4 million visits in 2024 moving 

consistently to nearly 2.7 million in 2026, followed by iconic sites Uluwatu around 1.9 to 2.3 million, 

whereas Monumen Perjuangan Rakyat Bali, Taman Ayun, Besakih, Pulaki, Brahma Vihara Arama, 

Pancoran Solas, Taman Ujung and Ulun Danau Beratan appear nearly horizontal between 60.000 and 

250.000, reflecting strong resilience of culturally meaningful tourism even at ten percent growth. The 

nature chart places Kawasan Nusa Penida at the highest level near 2.25 million in 2024 increasing to 

almost 2.8 million in 2026, and Pantai Pandawa moving slightly from 1.75 to about 2.15 million, while 

attractions Tirta Empul, Air Terjun Tegenungan, Mandala Suci Wenara Wana, Penelokan Batur, Desa 

Penglipuran, Kebun Raya Bedugul and Jati Luwih stay within 450.000 to 1.3 million with highly aligned 

gradients, suggesting that natural tourism development is the most parallel and conservative, constrained 

by capacity and accessibility rather than market expansion. When read as a whole, the figure confirms 

internal disparity in artificial and cultural categories, persistent dominance of Tanah Lot and Uluwatu, 

and realistic parallel growth of nature based attractions that characterize balanced expectations for Bali 

during 2024 to 2026. 

 
(A) Growth High of Artificial Tourism Destinations in Bali, 2024–2026 

 
(B) Growth High of Cultural Tourism Destinations in Bali, 2024–2026 

https://jutif.if.unsoed.ac.id/


Jurnal Teknik Informatika (JUTIF)  Vol. 7, No. 4, August 2026, Page. 3182-3213 
P-ISSN: 2723-3863  https://jutif.if.unsoed.ac.id                                       

E-ISSN: 2723-3871  DOI: https://doi.org/10.52436/1.jutif.2026.7.4.5612 

 

 

3209 

 
(C) Growth High of Nature-Based Tourism Destinations in Bali, 2024–2026 

Figure 23. (A) Growth High of Artificial Tourism Destinations in Bali, 2024–2026; (B) Growth High 

of Cultural Tourism Destinations in Bali, 2024–2026 and (C) Growth High of Nature-Based Tourism 

Destinations in Bali, 2024–2026 

4. DISCUSSIONS 

 

Table 8. Variations in Data Distribution in Prediction Model Testing 

Testing Phase 
Division of training data 

and test data 
Explanation 

Model Testing 80:20 Produces a MAPE value of 

5.45% 

Model Testing 75:25 
Produces a MAPE value of 

6.18% 

Model Testing 90:10 
Produces a MAPE value of 

5.32% 

 

This research examines the influence of diverse data split ratios on the predictive efficacy of 

machine learning models in forecasting the popularity of tourist spots in Bali. Table 8 shows the results 

of three different data splits, 80:20, 75:25, and 90:10. We used these splits to analyse the influence of 

varying training to test ratios on predictive accuracy. 

The XGBoost model has a mean absolute percentage error (MAPE) of 5.45% when split into 80% 

and 20%. The method worked very well to ensure that the training and test data were comparable. The 

test set was big enough to help the model learn. The findings suggest that this division might yield 

reliable predictions; however, the model requires more training data. When we split the data into two 

groups (75% and 25%), the mean absolute percentage error (MAPE) increased to 6.18%. The model 

crashes more frequently because it lacks sufficient training data to learn how to handle complex visit 

patterns. This makes the model fail more often. This setup makes it easy to test generalisation, but the 

greater mistake rate shows that it is less dependable than the 80:20 split. The 90:10 split has the lowest 

MAPE of 5.32% according to Table 8. It could uncover more complex historical patterns and non-linear 

interactions, since the XGBoost model had a larger dataset, which was a big plus. Even though the test 

set was smaller, this setup made the most dependable and accurate predictions. The model improves 

significantly with more training data. The XGBoost model consistently outperformed the Random 
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Forest model. This is evident in the lower MAE, RMSE, and MAPE values across all split 

configurations. XGBoost is superior to earlier ensemble bagging approaches like Random Forests 

because it utilises a boosting process that makes predictions more accurate over time and can handle 

more complicated feature interactions. Table 8's comparison indicated that the XGBoost model with a 

90:10 data split was the best. We utilised the selected model to anticipate tourist growth from 2024 to 

2026 at three levels: low, medium, and high. We trained it using all the historical data from 2018 to 

2023. 

The present study reports a MAPE value of 5.32 percent for destination level growth prediction 

in Bali, which is substantially lower than the MAPE around 20 percent commonly found in recent 

national scale arrival forecasting in Indonesia. This difference indicates that the proposed model 

demonstrates higher predictive accuracy because it operates on granular data of individual destinations, 

enabling the algorithm to capture non linear interactions and local visitation patterns that are usually 

masked in aggregated time series approaches. While national studies often rely on macro indicators and 

traditional trend based features, the model in this research benefits from fine spatial representation, so 

the boosting mechanism of XGBoost can learn more specific relationships between destination type, 

accessibility, and seasonal behavior, resulting in a more reliable and realistic forecast for overtourism 

management in Bali. 

The research contributes to the field of informatics engineering by providing a machine learning 

model that produces actionable predictions for smart tourism management in Bali. From an informatics 

perspective, the system enables data driven decision support for redistributing visitors across artificial, 

cultural, and nature based destinations. The study also shows how informatics methods can transform 

raw visitation records into strategic knowledge that is more effective than conventional linear 

forecasting. Through accurate prediction at only 7 to 10 percent growth assumptions, the model supports 

the development of intelligent applications for marketing planning and tourism infrastructure. 

The projection suggests that Tanah Lot and Kawasan Nusa Penida will always be the most popular 

destinations. Next on the list are Uluwatu and Pantai Pandawa. The sequence of the destinations remains 

the same, even if more people are likely to arrive if things go better for Development. This means people 

still visit famous places when they travel. The results show that nature-based tourism will be the most 

popular kind of tourism in the future. Cultural tourism will be the second most popular kind of tourism. 

But on the other side, artificial tourism is rising the least. This trend continued from 2024 to 2026, 

showing that Bali's natural and cultural attractions are the primary reasons more people are arriving. The 

forecasts indicate that tourists from other areas are most likely to visit Jembrana, Badung, and Gianyar 

Regencies. They have many famous tourist attractions and a robust infrastructure to support them. On 

the other side, Bangli, Buleleng, Denpasar City, and Karangasem are all slowly but certainly developing. 

When Development is moderate to strong, more people want to visit renowned areas. 

Most people think more people will want to visit Bali between 2024 and 2026. But this expansion 

won't happen in the same manner in all locations, groups, and regions. These findings show how 

important it is to find the best ways to divide up data and construct models, as well as to plan tourism in 

a manner that encourages long-term, balanced growth. 

5. CONCLUSION 

This research successfully created a prediction model based on machine learning that uses the 

Random Forest and XGBoost algorithms to guess how popular tourist spots in Bali would be. After a 

thorough analysis of three data split configurations (80:20, 75:25, and 90:10), it is clear that the XGBoost 

model always did better than Random Forest, with lower MAE, RMSE, and MAPE values in all test 

cases. The 90:10 data split yielded the most reliable and accurate results. This illustrates that a larger 

training sample yields far more precise predictions. We utilised the optimum settings to retrain the 
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XGBoost model on historical tourism data from 2018 to 2023. We then used it to estimate how many 

people will visit the site from 2024 to 2026 across three growth scenarios: low, medium, and high. The 

forecasts always show that nature-based tourism is the most popular type of tourism, followed by 

cultural tourism. On the other side, artificial tourism is rising the least. No matter how many tourists 

there are, Tanah Lot, Kawasan Nusa Penida, Uluwatu, and Pantai Pandawa remain the most popular 

destinations to visit every year. This reveals that tourists make the same selections over and over again. 

The results indicate that tourism Development isn't evenly distributed across all places. Jembrana, 

Badung, and Gianyar Regencies are likely to see the most visitors, while other areas will experience a 

slower but steady rise. Overall, this research shows that XGBoost works well for predicting tourist 

demand and gives useful information to help with evidence-based tourism planning, choosing which 

destinations to prioritize, and developing sustainable tourism in Bali in the years to come.  

This research contributes to the field of Informatics and Computer Science by providing a 

machine learning ensemble framework for granular and destination specific tourism forecasting in Bali 

from 2024 to 2026. The findings that identify XGBoost with a 90 to 10 split as the optimal model are 

interpreted as an advancement of informatics methods because the boosting mechanism is able to capture 

non linear visitation patterns, complex feature interactions, and local characteristics of artificial, cultural, 

and nature based destinations that are difficult to model using conventional linear time series techniques. 

While recent national scale arrival forecasting in Indonesia often reports MAPE values around 20 

percent, the proposed approach in this study achieves a MAPE of 5.32 percent, demonstrating higher 

predictive accuracy due to its granular spatial representation and fine level learning process. By 

transforming raw tourism records into structured predictive intelligence, the study supports data driven 

decision making and the development of intelligent decision support systems for sustainable destination 

management in developing countries such as Indonesia, particularly for visitor redistribution, 

overtourism mitigation, marketing planning, and tourism infrastructure strategy in Bali, showing a clear 

and explicit impact of informatics engineering in the smart tourism domain. 
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